I. INTRODUCTION
Nonlinearities in Microelectromechanical systems (MEMS) can arise from various sources such as spring and damping mechanisms [1] [2] [3] , capacitive circuit elements [4] , nonlinear coupling between the electrostatic force and the displacement of the MEM structure [5] , therefore electrostatic MEMS has nonlinear regions [6] . Several researchers have developed various capacitive MEMS accelerometer [7] [8] [9] [10] , however, the circuitry design after the sensing plate of all those accelerometers is based on buffers and demodulators (with low frequency sampling), which is not suitable response for high accuracy applications. This paper presents a new method to sensing the motion of movable plate to have a high accuracy and prevent from damaging the device at high accelerations using neural network. First, a nonlinear dynamic equation with mechanical nonlinearities is obtained. Solving this nonlinear equation can help to determine the displacement of movable plate with high accuracy, then the applied acceleration at the specific time sent to NN to identify and predict the displacement of movable plate. For training Neural Network we select Levenberg-Marquardt algorithm.
Accelerometer sensor is a combination of springs, masses and motion sensing and actuation cells as shown in Fig.1 (a) . It consists of a variable differential air capacitor whose plates are etched into the suspended polysilicon layer. The moving plate of the capacitor is formed by a large number of fingers extending from the beam, a proof mass supported by tethers anchored to the substrate. When responding to an applied acceleration ( Fig.1 (b) ), the proof mass's inertia causes it to move along a predetermined axis. As the fingers extending from the beam move between the fixed fingers, capacitance change is being sensed and used to measure the amplitude of the force that led to the displacement of the beam. An accelerometer can modeled as a springmass-damper system in the x-direction. Physicsbased models for the effective spring stiffness of the folded-flexure suspensions, the effective masses of the proof mass and viscous air damping are used in the synthesis tool.
Approximations to the nonlinear rod theory provide formulas for the coefficients of linear and cubic stiffening, which enable predictions of spring hardening behavior [11] . Considering folded-flexure spring and lumped element modeling, the following expression for the spring is obtained as [12, 13] :
Where 1 k and 3 k are linear and cubic stiffness of the folded-flexure spring respectively, they are obtained as follows
Where E is Young's modulus of polysilicon, I is moment of inertia of the beam, L is effective length of the folded-flexure spring and A is cross section area of the folded-flexure spring.
Therefore first linear resonance frequency 0 ω is given by
Where m is the equivalent lumped mass of movable plate.
Damping caused by air flow between the rotor and stator fingers, and at the edge of the proof mass is the major damping mechanism. For the lateral accelerometer, squeeze-film damping, which occurs when the air gap between two closely placed parallel surface changes is not critical. The damping coefficient between a single comb finger gap is given as [14] 3 ) ( .
Where µ is effective viscosity of air, t is finger's thickness, d is finger's gap and l is finger's length. Table I and II summarize some properties of accelerometer's fingers. Table III shows the calculated theoretical lumped parameters for the accelerometer under study. The NN's inputs are applied accelerations and time of actuating the specific acceleration to the device. The output of NN is displacement of movable plate; here a three layer feed-forward network is created (Fig.3) . The first layer has 22 linear transfer functions, the second layer has 10 hyperbolic tangent sigmoid transfer functions and the last layer has one linear transfer function. For training the network we suggest the Levenberg-Marquardt (LM) algorithm. In the following the Levenberg-Marquart method is reviewed. In the EBP algorithm, the performance index F(w) to be minimized is defined as the sum of squared errors between the target outputs and the network's simulated outputs, namely [16] : e e w F T = ) ( (7) Where w = [w1, w2, …., wN ] consists of all weights of the network, e is the error vector comprising the error for all the training examples.
When training with the LM method, the increment of weights ∆w can be obtained as follows:
Where J is the Jacobian matrix, µ is the learning rate which is to be updated using the β depending on the outcome. In particular, µ is multiplied by decay rate β (0<β<1) whenever ) (w F decreases, whereas µ is divided by β whenever ) (w F increases in a new step.
The standard LM training process can be illustrated in the following pseudo-codes, 1. Initialize the weights and parameter µ (µ=.01 is appropriate).
2. Compute the sum of the squared errors over all inputs ) (w F (12) As known, learning parameter, µ is illustrator of steps of actual output movement to desired output. In the standard LM method, µ is a constant number.
In This paper input matrix for training NN has 2*6000 dimensions and the output matrix has 1*6000 dimensions. After training NN, for testing NN a 2*120 matrix is given to input of NN and the results is evaluated.
IV. SIMULATION RESULTS By using Eq. (6), the displacement response of movable plate with 10g (≈100m/s²) acceleration is calculated and shown in Fig.4 .
To validating the Fig.4 we use FEA analysis for modeling this accelerometer. The results are shown in Fig.5 .
With regarding cubic stiffness of the spring the results are more accurate (Fig.6) , therefore when the NN is trained its output can be fit with the diagram that regards cubic stiffness (Fig.7) . One of the advantages of this method is that we can predict the damage to the fingers of the device because of the high acceleration, so an electrical feedback to the movable plate can prevent the damage. If very accurate response regarded, the Neural Network is a good method to predict the response with very high accuracy. The response of the device using cubic stiffness is more accurate, therefore the NN acts better than linear model.
